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Abstract—The use of batteries and other electrochemical
devices in modern power systems is rapidly increasing, with
stricter requirements in terms of cost, efﬁciency and reliability.
Innovative monitoring solutions are therefore urged to allow a
successful development of a wide range of emerging applications,
including electric vehicles and large-scale energy storage to
support renewable energy generation. Presently, a huge gap
still exists between the accurate and sophisticated monitoring
techniques commonly employed in laboratory tests, on the one
hand, and the simple and rough solutions available in most
commercial applications, on the other hand. The objective of this
paper is therefore to contribute to the development of low-cost but
accurate solutions for commercial battery condition monitoring,
by proposing an embedded system that combines real-time digital
signal processing with the high computational power and user
friendly interface of a modern computer, at a cost comparable to
a simple micro-controller. In more detail, the paper focuses on
electrochemical impedance spectroscopy on a battery performed
by a DC-DC power converter, and it explains how the proposed
low-cost off-the-shelf hardware can control the converter, acquire
the measurement signals, accurately process them in the time and
frequency domains, and estimate the result uncertainty in real-
time, which is necessary to promptly and reliably detect any
variation in the battery condition.
Index Terms—Batteries, Battery management systems, Elec-
trochemical devices, Electrochemical impedance spectroscopy,
Condition monitoring, State estimation, DC-DC power converters
I. INTRODUCTION
Batteries and more generally electrochemical power sources
are playing an increasingly important role in modern power
systems, driven by the wider use of renewable energy and
allowed by the recent developments in electrochemical tech-
nology [1]. Battery use is no longer limited to low-power
devices, as many emerging applications nowadays include
large-scale energy storage for renewable energy generation and
powertrain for electric or hybrid vehicles, just to mention a few
examples.
Despite the impressive advancements in battery technology
in recent years, further improvements are still much needed
in key aspects for commercial applications, namely efﬁciency,
reliability and cost. While most of the efforts toward such
improvements are focused on battery design and material
technology, in-situ monitoring systems also play a very im-
portant role. In fact, a more accurate state estimation of the
battery internal conditions would allow, on the one hand, a
better power management (therefore higher overall efﬁciency
of the power system) and, on the other hand, a more accurate
and prompter diagnosis of performance degradation processes
(therefore a more reliable operation). If all this were achieved
at negligible additional instrumentation cost, the decrease in
the overall operation and maintenance costs would lead also
to large economic beneﬁts.
Electrochemical impedance spectroscopy (EIS) is a very
powerful non-invasive measurement technique, commonly em-
ployed in laboratory experiments, which provides a wealth
of diagnostic information about electrochemical processes
occurring within batteries (and fuel cells as well). The main
advantage compared to DC voltage and current measurements
alone is that EIS allows distinguishing between different
processes and different causes of voltage drop, as they affect
the impedance spectrum in different frequency ranges, from
millihertz to kilohertz [2]. Several works in the literature
have demonstrated how EIS can be effectively employed to
accurately estimate the battery state of charge (SOC) and
state of health (SOH) [2]–[6]. Nevertheless, the use of EIS
in commercial applications is still hindered by the high in-
strumentation cost and the poor accuracy of results obtained
by low-cost solutions. Indeed, commercial applications cannot
afford the expensive and sophisticated instrumentation used
in the laboratory, such as frequency response analyzers, and
as a result, in most cases only DC voltages and currents are
monitored, on individual cells or on groups of cells, but in any
case with limited capability of providing accurate and reliable
information about the state of the battery, particularly the SOH.
The use of power converters has been recently suggested as
a possible solution to achieve EIS in commercial applications
at lower cost. Power converters represent a very promising
solution because they are already available in most appli-
cations and, if properly controlled, they can introduce AC
perturbations superimposed to the battery DC current and
voltage, at the desired frequencies to measure the impedance
spectrum in relevant frequency ranges [7]. This solution would
not require any additional hardware to create the AC per-
turbations, although it may require additional hardware to
implement the necessary advanced features for the power
converter control and to acquire and process the current and
voltage measurements.
A number of papers have appeared in the literature in the
last few years, reporting the results of preliminary feasibility
studies applied to batteries [8]–[12], as well as to fuel cells
[13]–[15]. The solutions presented in the literature so far are,
however, still affected by important limitations, mainly arising
from the need to ﬁnd a balance between high accuracy of
results, on the one hand, and the use of simple and inexpensive
hardware, on the other hand. In the simplest solution [9], the
voltage and current signals are processed in the time domain,
by measuring their peak-to-peak amplitudes and the time delay
between the two waveforms, which leads to much less accurate
results compared to a frequency-domain analysis in presence
of noise or distortions. Even when the signals are processed in
the frequency domain, the AC perturbation is often just a sine
wave and allows measuring the impedance at one frequency at
a time [8], [10], [11], whereas a multi-sine perturbation would
be very useful to dramatically decrease the measurement time
and obtain more accurate impedance spectra. Moreover, in
most cases the perturbations are added by modulating the
converter duty cycle by a sinusoidal oscillation, instead of
directly controlling the battery current or voltage, and this
may lead to signiﬁcant distortions in the waveforms. Finally,
the visualization and post-processing of impedance spectra
requires communication with external hardware and software
when a simple FPGA is employed for signal acquisition and
power converter control [12].
The objective and new contribution of this paper are there-
fore the design of a fully embedded solution for converter
control, signal acquisition and processing, and state estimation,
entirely based on a low-cost off-the-shelf hardware platform
that combines hard real-time signal generation and acquisition
with the processing capability and the user friendly visual-
ization tools of a modern computer. Such a solution has the
potential to allow not only real-time impedance measurements
in a wide frequency range, as required for battery condition
monitoring, but also real-time evaluation of the measurement
uncertainty, which is necessary to promptly and reliably detect
any variation in the battery condition and to accurately esti-
mate equivalent parameters by ﬁtting the measured impedance
values with appropriate models.
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Fig. 1. Typical impedance spectrum of a battery, in a frequency range from
millihertz to kilohertz, revealing different electrochemical processes.
II. BATTERY SOC AND SOH ESTIMATION BY EIS
The battery state and behavior are characterized by the
interplay of a large number of physical processes, occurring
on very different time scales, from microseconds to years
[2]. EIS measurements can typically cover a frequency range
down to millihertz or slightly below, therefore the impedance
spectrum includes the effects of three main processes, namely
ohmic phenomena (in the kilohertz range), charge transfer
in the electrochemical double layer (in the hertz range) and
mass transport of ions (in the millihertz range). Fig. 1 shows
the Nyquist diagram of a typical spectrum, where the three
phenomena above can be clearly distinguished.
The impedance spectrum can be interpreted in terms of
an equivalent electrical circuit, where each impedance is
associated with a different process and represents a different
contribution to the overall voltage drop (and losses, in case
of resistive components). Several equivalent circuits can be
found in the literature, of different type and complexity, used
to model different batteries in different conditions, but a simple
and common circuit approximately valid for all battery types
is illustrated in Fig. 2, where Rohm represents the ohmic
losses, Rt and Ct represent the charge double layer, and Zw
(called Warburg impedance) represents the mass transport and
is deﬁned by the following expression:
Zw (jω) = σw
1− j√
ω
(1)
Processes occurring on longer time scales, such as those
due to a change in the SOC or due to aging (deterioration of
SOH) can be detected as changes in the values and shape of
the spectrum and can be interpreted in terms of changes in
one or more of the equivalent circuit parameters, although the
relationship may not always be straightforward. In lithium-
ion batteries, the SOC does not signiﬁcantly affect the ohmic
resistance while it mainly affects the mass transport and, to
a lower extent, the charge transfer [2]–[4], whereas in lead-
acid batteries the SOC affects also the ohmic resistance [6];
in both battery types, however, the main variations are visible
Fig. 2. Equivalent circuit of the battery impedance, corresponding to the
impedance spectrum shown in Fig. 1.
in the low-frequency part of the impedance spectrum. On the
other hand, the SOH affects the whole spectrum, at high and
low frequencies, in both lithium-ion [2], [3] and lead-acid [6]
batteries, with different parts of the spectrum being more or
less inﬂuenced by different causes of performance degradation
and aging.
The use of EIS to accurately estimate the battery SOC and
SOH requires therefore the measurement of the impedance
spectrum in a wide frequency range, down to the millihertz
region, thus with a very long measurement time which is
extremely challenging, particularly in commercial applica-
tions, because the battery is unlikely to remain in steady-state
conditions during such a long time. For this reason, a classic
Fourier approach may lead to highly inaccurate results, and
more sophisticated algorithms combining time-domain and
frequency-domain analysis should be used to compensate for
changes in the operating conditions or internal state of the
battery [16]. A real-time evaluation of the uncertainty of the
measured impedance would also be useful to know whether
each measured data can be used or should be discarded, e.g.
because of too big changes in the battery condition occurred
during the measurement itself.
III. HARDWARE DESIGN AND EXPERIMENTAL SETUP
A. DC-DC Boost Converter
The proposed methodology is tested on a switch-mode
DC-DC boost converter, as batteries are low-voltage, high-
current sources and in most applications their voltage has to
be boosted to match the load requirements or to decrease
the energy transmission losses. A converter prototype was
speciﬁcally designed and assembled for this purpose, instead
of using a commercial product, in order to have a full control
over the converter and be able to customize the switch control
strategy according to the aim of the paper.
The equivalent circuit of the whole power system, composed
of source, converter and load, is illustrated in Fig. 3, while a
photograph of the prototype is shown in Fig. 4. The chosen
battery is a 12 V, 7 Ah sealed lead-acid battery composed
of 6 cells in series, and the boost converter was designed
for a primary (battery) rated current of 10 A. A variable
resistor with 10 Ω maximum resistance is used as the load
for sake of simplicity. Because of the low power of the
circuit, the controlled switch is a MOSFET, and the converter
Fig. 3. Equivalent circuit of the designed power system prototype, composed
of a battery (with its impedance that has to be measured), a DC-DC boost
converter and a resistive load.
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Fig. 4. Photograph of the prototype used for the tests, composed of a lead-
acid battery, a home-made DC-DC converter and a resistive load.
was designed to operate with pulse width modulation (PWM)
control at switching frequencies between 10 kHz and 100 kHz.
The board also includes a LEM LA 25-P closed-loop Hall-
effect current transducer, with a frequency bandwidth from 0
to 200 kHz, used to measure the battery current.
When the converter operates in continuous conduction
mode, the ideal (without losses) relationship between input
and output voltages is:
Vo =
Vi
1− δ (2)
where Vi and Vo are the DC (or slowly changing, compared
to the switching period) voltages and δ is the converter duty
cycle, i.e. the fraction of the switching period when the switch
is on. The switching frequency fsw and duty cycle δ affect also
the peak-to-peak amplitudes of the input current ripple ΔIi and
output voltage ripple ΔVo, and the consequent design of the
input inductance L and output capacitance C. Again, in ideal
conditions, the following equations are derived, respectively:
ΔIi =
Viδ
Lfsw
(3)
ΔVo =
Ii (1− δ) δ
Cfsw
(4)
Based on (3) and on the rated input voltage (12 V) and
current (10 A), an inductance L = 1.2 mH was chosen to
guarantee a peak-to-peak input current ripple below 10% of the
DC current at fsw = 10 kHz and below 1% at fsw = 100 kHz.
Similarly, based on (4), a capacitance C = 470 μF was chosen
to guarantee a peak-to-peak output voltage below 3% of the
DC voltage at fsw = 10 kHz and below 0.3% at fsw = 100 kHz.
The switch control, described in the next subsection, allows
controlling the duty cycle on time scales of tens of microsec-
onds, in order to introduce AC perturbations at frequencies
up to a few kilohertz, depending on the chosen switching
frequency. This converter is therefore suitable to measure the
full impedance spectrum of the battery, as illustrated in the
previous section.
B. Signal Acquisition, Generation and Processing
The hardware required to implement the proposed
impedance measurement technique must have hard real-time
processing capability to control the converter operation and
to acquire the voltage and current measurement signals, and
at the same time it must have a large computational power
to implement signal processing and state estimation algo-
rithms in the time and frequency domains, with real-time
uncertainty evaluation, and a graphical interface to effectively
diplay results to the user. Last but not least, such hardware
should be also simple to use, inexpensive and compact, in
order to be easily applied to commercial applications, and
ﬂexible enough to be customized to accommodate different
measurement requirements in terms of accuracy, number of
channels, etc.
According to these considerations, a BeagleBone Black
(BBB) board, shown in Fig. 5, appears to be an appropriate
choice. The BBB is a low-cost (around $50) development
board that includes a Texas Instruments 1-GHz AM3358
ARM Cortex-A8 processor (supporting several open-source
operating systems, such as Linux), as well as 2 separate 200-
MHz programmable real-time units (PRUs), sharing the same
data bus with the ARM processor, thus allowing a simple and
fast exchange of data. The BBB features a number of digital
input-output channels, including PWM outputs suitable for
the converter switch control. The board also includes an 8-
channel, 12-bit, 200-kSa/s analog-to-digital converter (ADC),
which is suitable to acquire the battery voltage and current
signals with appropriate sampling frequency and resolution.
If, however, a particular application requires (and can afford)
more accurate measurements or more channels, it is possible
to add external ADCs to the board, connected through a serial
interface (SPI), with a limited cost increase. The cost of this
hardware is comparable to that of simpler solutions based on
micro-controllers or digital signal processors, and it is much
cheaper than laboratory instrumentation (whose cost is at least
a few thousands of dollars).
A schematic diagram of the proposed system for signal
acquisition, generation and processing is illustrated in Fig. 6.
The voltage and current signals are ﬁrstly conditioned to match
the speciﬁcations of the ADCs, and then are acquired by the
Fig. 5. Photograph of the BeagleBone Black board, which is chosen as the
hardware platform for the implementation of signal acquisition, generation
and processing, according to the aim of the paper.
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Fig. 6. Schematic diagram of the PWM signal generation and voltage and
current signal acquisition and processing, based on the BeagleBone Black
board.
BBB. The digital current value is then compared to a pre-
deﬁned reference signal, and a PI controller calculates the
required duty cycle for the power converter to follow such
reference. The controller can be implemented in the BBB PRU,
which also manages the analog inputs and PWM output of the
board in hard real-time. Depending on the frequency of the AC
perturbation, the PRU may also implement a moving average
ﬁlter and may down-sample the signals in order to limit the
data sent to the processor. The data will be temporarily stored
in a memory buffer, waiting to be read by the processor, whose
operation is not hard real-time but is fast enough to allow
reading the buffer before it is overwritten, on a time scale of
tens of milliseconds.
In order to calculate the impedance at the frequency com-
ponents present in the perturbation signal, the FFT has to
be applied to the voltage and current waveforms. However,
during the measurement time the battery is discharged and this
creates a linear drift in the DC voltage value, superimposed to
the AC perturbation, as illustrated in Fig. 7. Considering that
0 10 20 30 40 50
12.23
12.24
12.25
12.26
12.27
t [s]
v 
[V
]
0 10 20 30 40 50
2.8
2.9
3
3.1
3.2
t [s]
i [
A
]
Fig. 7. Battery voltage (upper plot) and current (bottom plot) waveforms
with perturbations at 100 mHz, 1 Hz and 10 Hz, showing the linear drift of
the DC voltage while the battery is discharged.
the amplitude of the AC voltage perturbation is usually very
small, such a drift can give rise to signiﬁcant errors in the
signal frequency spectrum if not compensated. In the example
of Fig. 7, the current contains three sinusoidal components, at
100 mHz, 1 Hz and 10 Hz, each of them with an amplitude of
0.05 A which corresponds to a voltage oscillation amplitude of
approximately 3 mV; the linear drift in the voltage DC value is
-0.25 mV/s and is enough to create errors of approximately 2%
and 30% in the impedance calculations at 1 Hz and 100 mHz,
respectively. Therefore a linear least-squares ﬁtting in the time
domain is implemented in order to remove the linear trend in
the voltage waveform before applying the FFT.
IV. EXPERIMENTAL RESULTS
Fig. 8 shows part of the battery impedance spectrum,
measured by using a multi-sine current perturbation containing
7 frequency components from 98 mHz to 6.25 Hz, uniformly
spaced on a logarithmic scale and each of them with an am-
plitude of 0.1 A, superimposed to a DC current of 3.0 A. The
impedance values are calculated on a time window of 40.96 s
and then averaged over 10 windows. In addition to calculating
the average, also the standard deviation of the 10 samples is
calculated in real-time, in order to have a type-A uncertainty
estimate, which in this case is the dominant contribution due
to the large noise and random ﬂuctuations affecting these
measurements. The standard deviation is calculated on the
real and imaginary parts of the impedance separately, and the
results correspond to the semi-axes of the ellipses plotted in
Fig. 8. Such uncertainty evaluation could be used, e.g., as
a weighting factor when ﬁtting the measured data with an
equivalent circuit model such as the one reported in Fig. 2,
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Fig. 8. Battery impedance measured at 7 frequencies in the range from
98 mHz to 6.25 Hz, by using a multi-sine current perturbation. The uncertainty
of each impedance value (real and imaginary parts) is calculated in real-time
as standard deviation of 10 samples and is plotted as an ellipse around the
average value.
but also to monitor the changes of impedance values during
time.
An example of a transient showing a change in the battery
impedance is reported in Fig. 9, obtained again at a DC current
level of 3.0 A; for sake of simplicity, only one impedance
value is reported, measured at 1.56 Hz. The upper plot shows
the signiﬁcant voltage decrease during such a long transient,
corresponding to an overall charge variation ΔQ of more than
2.5 Ah (the nominal battery capacity is 7.0 Ah), calculated by
integrating the current. The voltage decrease is almost linear
during the ﬁrst half of the transient, but then it becomes
nonlinear. This slope change corresponds to a noticeable
change in the real part of the impedance in the second half
of the transient (as visible in the bottom plot), which creates
an increasingly higher voltage drop. Such a variation can be
interpreted as an increase in the ohmic resistance, which is
indeed expected to change with the SOC in lead-acid batteries
[6]. The impedance values reported in Fig. 9 are calculated
on time windows of 5.12 s and averaged over 12 windows
with a moving average ﬁlter. Similarly, the standard deviation
σ of the 12 samples is calculated to estimate the impedance
uncertainty as described above. The uncertainty band plotted
in Fig. 9 corresponds to an interval of ±2σ, which can be used
to determine whether any observed change in the impedance
is signiﬁcant or not, with a 95.45% conﬁdence level (assuming
Gaussian probability distributions). Based on this, it is possible
to conﬁrm that there is an actual change in the real part of the
impedance, whereas no signiﬁcant variations are detected in
the imaginary part, in agreement with a variation of the ohmic
resistance alone.
V. CONCLUSIONS
This paper described a low-cost hardware platform suitable
to perform in-situ electrochemical impedance spectroscopy
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Fig. 9. Battery DC voltage (upper plot), and real (blue) and imaginary (red)
parts of the impedance at 1.56 Hz (bottom plot), measured during a discharge
transient at 3.0 A constant current. The uncertainty bands in the bottom plot
(dotted lines) correspond to a ±2σ type-A uncertainty, calculated as moving
standard deviation over 12 impedance values.
on batteries employed in commercial applications, by using
the already available DC-DC converter to introduce AC per-
turbations superimposed to the DC current and voltage, at
the desired frequencies in a wide range from millihertz to
kilohertz. A BeagleBone Black board was shown to be an
appropriate hardware solution to control the converter, acquire
and process the current and voltage measurements in the
time and frequency domains, and calculate the impedance
values and their uncertainty in real-time, because it combines
hard real-time programmable units with a powerful processor,
it supports operating systems with a user-friendly graphical
interface, and its cost and size are likely to be affordable in a
commercial application.
The design of the hardware (including the power converter)
used to test the proposed approach was ﬁrstly presented.
Experimental results were also reported to demonstrate that the
measurement system is accurate enough to detect impedance
variations during time, e.g. associated with a change in the
battery SOC and/or SOH.
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